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This thesis examines the effect of market states on momentum profits and long-run 
reversals.  I use a regime-switching model to classify the market into an up state with 
positive mean returns and a down state with negative mean returns.  I then examine 
the effects of ranking period and post-ranking period market states on short-run 
momentum and long-run reversals in the context of recent behavioral finance theories 
(Daniel, Hirschleifer and Subrahmanyam 1998 and Hong and Stein 1999) which are 
based on investors’ overreactions to news. The empirical results about momentum 
and long-run reversals are partially consistent with the predictions of the behavioral 
models. Further, I extend the behavioral models to predict the behaviors of winners 
and losers separately. Consistent with the predictions, I find that past winners have 
higher returns following up markets than following down markets in the short run (1-
12 months). However, past losers actually have higher return following down markets 
than up market in the short run, which is inconsistent with the predictions.  Moreover, 
I find that in the long run the reversals are actually independent of prior market states. 
The overall picture is thus more complicated compared to what we can infer from the 
existing behavioral theories.   
 
Key words: market state, regime-switching model, momentum, winners, losers, 
long-run reversal, and overreaction. 






1.1 Introduction and Potential Contribution of the Study 
Jegadeesh and Titman (1993) document short run momentum in stock returns while 
DeBondt and Thaler (1985) document long run reversals.  Momentum effect has 
defied standard asset pricing explanations, but Fama and French (1996) claim that 
reversals are consistent with their three-factor model.  The joint behavior of short run 
momentum and long run reversals have also attracted interest from behavioral 
economists who argue that these phenomena may be induced by certain investor 
behavioral biases.  Two behavioral theories that have become prominent are Daniel, 
Hirshleifer, and Subrahmanyam (DHS, 1998) and Hong and Stein (HS, 1999).  HS 
emphasizes the slow diffusion of private information, leading to underreaction to 
news.  DHS emphasizes overconfidence and self-attribution bias.  The idea is that 
investors become overconfident when public information confirms their initial 
reaction to news.  These theories imply that momentum is slowly built up at first, but 
gains strength when more confirming evidence of momentum arrives, increasing 
investor overconfidence, thus generating more momentum.  Eventually, investors 
realize their mispricing mistakes and start correcting them by selling previous 
winners and buying previous losers.  This leads to long run reversals. 
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To test these behavioral theories, Cooper, Gutierrez and Hameed (CGH, 2004) relate 
momentum and reversals to initial market states.  They hypothesize that momentum 
should be stronger following market gains than market loss.  Similarly, if momentum 
is due to mispricing, long run reversals should also be stronger after the initial market 
gains and weaker after market loss.  They link market states and subsequent returns 
using overconfidence: investors are assumed to be more overconfident after the 
market has risen.  If true, overreaction and hence momentum should be stronger 
following market gains.  In order to test this theory, they analyze momentum and 
reversal profits in two prior market states.  They classify the market state according to 
whether the market return was positive (UP market) or negative (DOWN market) in 
the 36 months before the momentum portfolio is formed. Using this approach, they 
find that momentum is in fact stronger following up markets than down markets.  
However, reversals are found following both up and down markets, opposite of what 
the behavioral theories predict.    
 
This thesis also looks at market states and their impact on momentum and reversals.  
The goal is to provide more insights into the validity of behavioral theories by 
examining these strategies in greater details.  The research differs from the CGH’s 
study in the following aspects. 
 
Firstly, I use a more data consistent approach in defining market states.  To generate 
market states, I use estimates of smoothed probability from a regime-switching model 
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with two distinct means and variances for the market index.  Regime switching 
models are attractive for this purpose because they let the data itself classify the 
market into discrete states.  Hence, the states generated this way are more consistent 
with the underlying stochastic process for stock prices. Thus, in this light, they are 
less arbitrary.  I show that the regime-switching model fits the data very well and is 
more accurate than the method used in CGH.   
 
Secondly, CGH reports only profits from the momentum (winner minus loser) 
portfolio. I argue that it is also useful to examine returns of winners and losers 
separately.  After all, if momentum is an indication of weak form inefficiency, this 
inefficiency can potentially arise from either winners, losers or a combination of both. 
There is actually very limited research trying to look at the specific behaviors of 
winners and losers to further examine the phenomenon of momentum as a whole. In 
DHS (pp. 1839), the key to momentum is biased self-attribution, which “adds positive 
short-lag autocorrelations (“momentum”). More specifically, DHS assume that 
confirming information (defined as information that “confirms the trade if it has the 
same sign”, i.e., “good news arrives after a buy, or bad news after a sell”) will lead to 
overconfidence, which in turn will result in short-run momentum and long-run 
reversal. Further, they assume that “when an investor receives confirming public 
information, his confidence rises”, which will lead to overreaction in the short run. I 
use the above assumptions and framework to infer the behaviors of past winners and 
losers following market gains and loss. Following DHS’s definition of confirming 
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information, market gains act as confirming information for past winner stocks, 
boosting investors’ overconfidence in the past winners, which will in turn lead to 
short-run overreaction towards past winners. Thus, we can expect, in the short run, 
past winners may continue to show high returns following market gains, which is the 
so-called the “same-direction average stock price trend” (DHS, 1998). Following 
market loss, the news of market loss will disconfirm investors’ confidence in past 
winners. We can expect the return of past winners following market loss will be 
lower than following market gains.  
 
For past losers following market loss, the news of market loss will act as confirming 
information to encourage selling the losers, which should lead to the “same-direction 
average stock price trend”, a downward price trend in this case. Therefore, I predict 
that the past losers’ return following market loss should be lower than following 
market gains.  
 
The following is a preview of my results.  First, when prior market state is used to 
condition short run momentum returns, I find that winners show higher returns 
following up markets than down markets.  This is consistent with the implications of 
DHS.  However, losers also show higher returns following down markets than up 
markets, which cannot be easily explained by DHS.    
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When I use contemporaneous market state (i.e. the market state during the holding 
period) to condition momentum returns, the results are more consistent with 
behavioral theories.  Specifically, I find that both winners and losers have higher 
returns in the up market states than in the down market states.  This is consistent with 
investors being more overconfident or have lower risk aversion during periods when 
the market is in the up state. 
 
As for long run reversals, I find stronger reversals for the momentum (winner minus 
loser) portfolio following down market states than up market states.  This result is 
consistent with that of CGH’s and is robust to whether I define market states using 
ranking period data or post-ranking period data.  They are, however, contrary to what 
we would expect if behavioral theories are correct since weaker short run momentum 
should also lead to weaker long run reversals. Moreover, my results for winners and 
losers individually suggest that, in the long run, the returns of past winners following 
up market are consistent with the predictions of behavioral theories (they have lower 
returns in the long run) but the returns of past losers following down market are not 
(they have higher returns in the long run). Again, this result is robust to whether I 
define market states using ranking or post-ranking returns. Overall, my research 
indicates that the momentum reversal phenomenon is rather complex. Part of this 
phenomenon is consistent with behavioral explanations but other aspects are not.  
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1.2 Organization of the Thesis 
I organize the thesis as follows.  Chapter 2 surveys the recent literature on momentum 
and reversals. Chapter 3 describes the methodology used in this study. The session 
has three subparts. The first part describes the data set. The second part deals with the 
regime-switching model which I plan to use to classify market states. The third part 
deals with the methodology for forming momentum portfolios. I also discuss how 
cumulative abnormal returns are computed for winners and losers and risk adjustment 
issues. Chapter 4 presents the main results for this study. I report estimates of the 
regime-switching model, show graphical evidence of regime shifts for the overall 
market over a sample period (1926-95) and compare the market states identified by 
the model with those in CGH. The rest of the chapter analyzes short run momentum 
and long run reversals following and during the up market and down market states 
defined by the regime-switching model. I also report regression results to assess the 
relative contribution of ranking and post-ranking market states on momentum and 
reversal returns. The chapter ends with a discussion of the implications of this study 
for behavioral theories. Finally, Chapter 5 concludes with an overall summary of my 
key findings and further studies.   




The momentum effect, first discovered by Jegadeesh and Titman (1993), is a major 
puzzle in finance.  Jegadeesh and Titman (1993) show that a strategy of buying stocks 
with high returns over the past 3 to 12 months and selling stocks with low returns 
over the same period produce annualized returns of about 12% for the following year.   
 
The momentum effect also appears to last.  In an update of their earlier study, 
Jegadeesh and Titman (2001) find that the momentum strategy continues to be 
profitable even subsequent to the period covered by their 1993 study. Besides, 
momentum seems to be universal. Rouwenhorst (1998) find that momentum 
strategies are profitable in twelve European markets while Rouwenhorst (1999) and 
Chui et al. (2000) report significant momentum profits in emerging markets. Griffin 
et al. (2003) investigate momentum in 39 stock markets and find that momentum 
profits are economically significant in many countries. 
 
Can rational asset pricing models explain momentum?  If yes, then momentum is not 
economically exploitable. If not, then momentum is indeed a market anomaly.  
Countless studies have examined this question, but majority of these studies find that 
standard asset pricing models have difficulty in explaining momentum. For example, 
Jegadeesh and Titman (1993) and CGH find that momentum is not primarily driven 
by market risk. Fama and French (1996) show that their unconditional three-factor 
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model cannot explain momentum either. This result was confirmed by Grundy and 
Martin (2001). Chordia and Shivakumar (2002) use a conditional asset-pricing model 
with lagged macroeconomic risk factors to generate one-step ahead forecasts of 
momentum profits. Although their model can capture U.S. momentum profits quite 
well, Griffin et al. (2003) show that their model does not work for most markets 
internationally. In fact, they find that the observed global momentum profits are 
unrelated to forecasts generated by the Chordia-Shivakumar model. They further 
show that momentum profits are not highly correlated with economic states in the 
predicted direction. Their argument is that if momentum profits are a reward for 
economic risk, then such profits should be negative in bad economic states (recession) 
but positive in good economic states (expansion). They test their theory by relating 
momentum profits to two economic states within the holding period based on 
quarterly real GDP growth. They define positive GDP growth as indicator of 
expansion (good state) and negative GDP growth as indicator of contraction (bad 
state). Contrary to their expectations, they find that “momentum profits seem to be 
slightly higher in periods of large GDP growth, but more importantly, they are large 
and positive during all regimes”. For example, for the US market, the mean monthly 
momentum profit was 0.31% (not significant) during periods of negative GDP growth 
and 0.92% (significant) during periods of positive GDP growth. The same pattern is 
true for most of the other markets. 
   
Chapter 2                                                                                            Literature Review 
9 
Griffin et al also relate momentum profits to aggregate stock market movements, by 
classifying the market as high risk if it has negative returns and low risk if it has 
positive returns.  Like GDP, they expect momentum profits to be negative when the 
market return is negative and positive when the market return is positive.  They find 
instead that “momentum profits are, if anything, slightly higher during periods when 
the market returns are negative”.  Using the U.S. as example, the average momentum 
profit during down (up) market was 0.68% (0.32%).  The same pattern applies to 
most of the other countries in their sample.  They conclude that the momentum effect 
is not related to risk arising from macroeconomic fluctuations.  
 
A few other papers have also examined the impact of market states on momentum.  
The recent paper by CGH studies how prior market returns (specifically, 36 months 
before the holding period) affects momentum profits during the holding period.  Their 
motivation is to test the behavioral theories proposed by Daniel, Hirschleifer and 
Subrahmanyam (DHS 1998) and Hong and Stein (HS 1999).  DHS theory is based on 
the idea that investors are overconfident in their ability to forecast future stock prices. 
By linking overconfidence with market states, CGH extends DHS’s theory to predict 
that following an up market, investors’ overconfidence increases. Thus, the 
momentum profits from buying winners and shorting losers should be higher after up 
market states than down market states.   
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HS does not rely on cognitive biases in their model but their model still generates 
momentum.  They assume there are two types of traders in the market.  Firstly, there 
are “newswatchers” who trade according to private information.  It is further assumed 
that private information diffuses very slowly, leading to initial underreaction to news.  
The second type of traders is “momentum traders” who trade only on trends.  Positive 
momentum arises when newswatchers are net buyers and their purchases slowly 
reveal information to the market, causing prices to rise.  But because of underreaction, 
prices increase slowly at first. This catches the attention of momentum traders who 
then buy on the rising trend, which causes more momentum to occur. Like the DHS 
theory, the HS theory also predicts stronger momentum profits following up markets 
because they argue that when aggregate wealth increases, investors become less risk 
averse, which in turn causes more delayed overreaction from momentum traders.   
 
Both of these theories predict that momentum is higher after a lag period when the 
market was in an up state.  Since momentum is argued to be irrational, these theories 
also predict that eventually, return reversals will occur, although they do not specify 
when this will happen.  
 
Long run reversals were first documented by DeBondt and Thaler (1985) who 
showed that a strategy of buying past losers and selling past winners produce 
abnormal returns in the following 3 to 5 years. They attribute reversals to a correction 
in initial overreaction or trend chasing by investors.  However, Fama and French 
Chapter 2                                                                                            Literature Review 
11 
(1996) show that long run reversals are simply rewards for bearing systematic risks 
that can be captured by their famous three-factor model.  
 
CGH extends and tests the predictions of the DHS and HS theories concerning short 
term momentum (1-12 months) and long term reversals (13-60 months).  They find 
that behavioral theories can only explain some aspects of these phenomena, but not 
others. To test behavioral theories, CGH hypothesize that momentum and reversals 
should be related to the state of the overall market in the ranking period i.e., prior to 
the start of the momentum strategy.   
 
Market states can be defined in many ways. The method used by CGH is quite simple.  
They define two market states based on past returns of the market index: UP state is 
when the lagged 36-month market return is non-negative, and DOWN state is when 
the lagged 36-month market return is negative. An alternative way to define market 
state that they did not explore is to fit a regime-switching model to market index 
returns and let the data classify the market into discrete states. This method is 
arguably more consistent with the stochastic process underlying market returns than 
the method used by CGH. I elaborate on the regime-switching model in Chapter 3. 
 
CGH reports the following results from their study. Firstly, following up markets, 
momentum profits are significantly positive. Secondly, in the long run (months 13 to 
60), winners and losers reverse their returns, giving rise to negative returns on the 
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momentum (winner minus loser) portfolio. These reversals are significant on a raw 
returns basis but not after adjusting for risk using the Fama-French three-factor model.  
In general, they interpret the pattern of strong momentum followed by reversal as 
consistent with behavioral theories because these theories imply that previously 
strong markets should lead to current strong momentum and future strong reversals.   
 
Another finding in CGH is that although there is no momentum following down 
markets, yet, there are still reversals in months 13-60. This finding is interesting since 
overreaction should also work on the downside. Furthermore, since there is no 
momentum, there should not be any reversals either in the long term. CGH draw the 
general conclusion that momentum and reversals are not entirely consistent with the 
two behavioral theories.   
 
To summarize, the literature up to now seems to suggest that momentum is the only 
anomaly that cannot be explained by the Fama-French three-factor model.  Models to 
explain momentum in recent years have been developed by the behavioral school that 
argues that investors are prone to behavioral biases such as overreaction and 
overconfidence.  These behavioral biases are thought to lead to momentum and might 
as well explain subsequent reversals although no exact time frame for such reversals 
is specified.   
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In the next few chapters, I take a closer look at the validity of behavioral explanations 
of momentum and reversals and their relation with market states, where market states 
are defined in a more data consistent fashion using a regime-switching model.       
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CHAPTER 3 
RESEARCH DESIGN AND DATA 
 
3.1 Data  
The data for this study are monthly returns for all NYSE and AMEX stocks listed on 
the CRSP monthly file.  The sample period is from January 1926 to December 1995, 
the same sample period as used in CGH.  To identify the market states, I use monthly 
excess returns on the CRSP value-weighted market index.  Excess return is the 
difference between returns on CRSP Value-Weighted Index (adjusted for dividends) 
and the one-month Treasury-bill rate.    
 
3.2  Estimating Market Regimes 
Often we define model instability as a switch in a regression equation from one 
regime to another. In this study, I will use a structural break model to infer the state of 
the overall stock market in each period.  A standard model with structural breaks for a 
variable, y, can be written as the following. Note that if the dates of switching or 
structural breaks are know a priori, the above model will be reduced to a dummy 
variable model. 
. 3..., 2, ,1         , Ttexy t
t
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where x is an exogenous variable. As written, this model allows for structural breaks 
that separates y into two regimes. Under regime 1, parameters are given by 1β  and 
2
1σ , and under regime 0, parameters are 0β and 20σ . Structural break arise because 
the parameters across the two regimes are distinctly different.  
 
The main reason for fitting a regime-switching model to the data is that stock returns 
are known to be nonlinear. ARCH dependence for example is a sign of 
nonlinearities. Over longer time span, stock returns also exhibit large jumps as well 
as long swings which may be characterized as bull or bear markets. Regime 
switching models are a parsimonious way to model the latter types of nonlinearities.  
A significant advantage of regime switching models over other methods such as 
dummy variables is that they provide an explicit way to classify regimes using the 
data itself.  This contrasts with the dummy variable and other related methods which 
rely on the researcher to subjectively define periods as up or down markets.  In other 
words, regimes defined by a regime-switching model are less arbitrary because if it 
fits the data well, it would be consistent with the data generating process that drive 
stock returns. In this light, regime-switching models fit the research goal well. 
 
Empirically, regime-switching models have been increasingly used in the finance 
literature.  For example, Turner et al (1989) use the model to explain a time-varying 
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risk premium in stock returns. Gordon and St-Ammy (2000) use a two-state Markov 
process to model risk aversion, which they call as preference regimes, and link this 
model with the cyclical pattern of asset prices. Borrowing the method from Turner et 
al (1989), Schaller and van Norden (1997) also find strong evidence for switching 
behavior in stock returns in the US market. Maheu and McCurdy (2000) use a 
regime-switching model to classify the U.S. stock market states into “bull” market 
with high return and low volatility and “bear” market with low return and high 
volatility. 90% of their observations from 1834 to 1995 are classified as “bull” 
market and 10% as “bear” market.  
 
For parsimony, I will assume that the variable tS  follows a first-order Markov 
process with constant transition probability. The model in this thesis is adapted from 
the work of Hamilton (1989) and Gray (1996) which have stimulated many 
applications in economics and finance.  
tttSStt RFRRFR tt εφµ +−+=− −− )( 11                                                     (6) 
),0(~ 2
t
t SN σε                                                                                              (7) 
ttS SSt 10 )1( µµµ +−=                                                                                     (8) 
qSSpSS tttt ====== −− 00Pr ,11Pr 11                                                   (9) 
where tR  is monthly return on the CRSP Value-Weighted Index (adjusted for 
dividends), tRF  is risk-free interest rate (one-month Treasury bill rate), tS , equals to 
0 or 1 and follows a first order Markov switching process. This model allows for the 
Chapter 3                                                                             Research Design and Data 
17 
switches in means and volatilities, with an autoregressive term in the mean to allow 
for short term autocorrelations in excess returns. As mentioned, regimes are 
assumed to follow a first-order Markov process. The transition probabilities are: 
Pr[St = 1|St-1 = 1] = P 
Pr[St = 0|St-1 = 1] = 1 – P       (10)               
Pr[St = 0|St-1 = 0] = Q 
Pr[St = 1|St-1 = 0] = 1 – Q 
If excess returns contain regimes, the transition probabilities should be close to one 
and return moments should differ significantly across the two regimes.   
 
The parameters of the model can be obtained by numerically maximizing the log 
likelihood function. The likelihood function and the maximizing procedure are 
standard for regime-switching models as described in Hamilton (1994), section 22.4 
and Gray (1996).  Given parameter estimates of the model, we can infer tS  based on 
all information to date by using the smoothed probability of each regime.  This is the 
probability of a state tS conditional on all data up to t. I use 50% as the cutoff point 
to classify regimes. That is, suppose state 1 is the high mean state. If the smoothed 
probability for state 1 is above 0.5, I label the state as an UP state. If it is below or 
equal to 0.5, I label the state as a DOWN state. The smoothed probability can 
fluctuate significantly from month to month. To infer the general market state over a 
period of, say, 6 months, I calculate:  
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where N = 6, and tD  is a dummy variable that equals one if the state at time t is UP 
and zero otherwise. For example, suppose that the 6-month period comprises 4 
months (not necessary contiguous) where the market was in up state and 2 months in 
which the market was in the down state. Then, the probability of the market being in 
the up state over that period is 0.67. Based on this, I classify the market during the 6-
month period as being in an up state. Likewise, if the same probability is say, 0.4, I 
classify the market as being in a down state.   
 
3.3  Momentum Methodology   
3.3.1 Portfolio Formation 
I use the same approach as Jegadeesh and Titman (1993) and CGH in computing 
momentum as well as long-run reversals.  Theory does not specify when momentum 
ends and long run reversal begins.  Most studies define the momentum period as the 
first 12 months and the long-run-reversal period from month 12 to 60.  I follow this 
approach to be consistent with the literature. 
 
I implement a momentum strategy by buying stocks with high returns over the 
previous 6 months and selling stocks with low returns over the same period.  At the 
beginning of each month t, I rank all stocks based on their prior 6-month returns.  
Returns are compounded from t-5 to t-1.   This is known as the ranking period.  I  
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then form a winner portfolio (W) comprising stocks with the highest ranking period 
returns and a loser portfolio (L) comprising stocks with the lowest ranking period 
returns.  Next, I skip one month and invest in a momentum portfolio on month t by 
longing W and shorting L.  I skip one month to avoid contaminating momentum 
returns with very short-term reversals as documented by Jegadeesh (1990) and 
Lehmann (1990).  The momentum portfolio is held for the next 6 and 12 months (the 
momentum holding period). The mean monthly returns for winners, losers and the 
momentum portfolio are calculated.  I also report profits for each of these portfolios 
from months 13 to 60 to document long-run reversals.   
 
3.3.2 Cumulative Abnormal Returns 
Following CGH (2004), I report cumulative abnormal returns (CAR) for a strategy 
using raw as well as risk-adjusted returns. For risk-adjustment, I use the Fama-French 
three-factor model. The use of this model assumes that momentum/contrarian 
strategies may load heavily on factors that require high returns, and that the three-
factor model uses the right factors to price systematic risks.   
 
I compute the Fama-French risk-adjusted returns as follows.  For each holding-period 
month, I regress the time series of raw returns on three factors and a constant. The 
three factors are (a) the excess return of the value-weighted market index over the 
one-month Treasure bill rate (MKTRF), (b) the small-minus-big return premium 
(SMB) and (c) the high-book-to-market-minus-low-book-to-market return premium 
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(HML). According to Fama and French, firms that are smaller than average and have 
high book-to-market ratios are riskier because small firms have higher risk and lower 
liquidity, while high book-to-market firms are value firms with higher than average 
distress risk.1 
 
Thus, the risk-adjusted profits are  
    tktktkkt
adj
kt HMLSMBMKTRFRR 321 ˆˆˆ βββ −−−=                                                    (12) 
where ktR  is the raw profit for the strategy in the holding-period month k, for k=1, 
2,…60, in calendar month t and βˆ s are the estimated loading of the time-series of raw 
returns in holding-period-month k on their respective factors.  
 
The monthly raw or Fama-French-adjusted profits are cumulated to form the holding-
period CAR. 











ktkKt RCAR                                                                                      (13) 
where R* is either raw ( ktR ) or risk-adjusted ( adjktR ) returns and the (K1, K2) pairs are 
(1, 6), (1, 12), and (13, 60).  Since the CARs are overlapping, I use a 
heteroskedasticity-and-autocorrelation-consistent (HAC) estimate of the variance 
                                                 
1
 Some researchers have serious reservations about whether factors other than the market factor 
represent systematic risk.  For example, Griffin et al (2003) find that momentum strategies produce 
very high returns unrelated to macroeconomic risks and market states.  Daniel and Titman (2004) show 
that long run reversals are explainable by Fama-French three factor model not because the SMB and 
HML capture distress risk, but due to the reversal of what they name as the “intangible” component of 
stock returns.    
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(Gallant 1987), and set the number of lags equal to the number of overlapping months 
in the holding-period window (5, 11, or 47). 
 
 
Appendix to Chapter 3 
This appendix shows how the likelihood function for my regime-switching model is 
derived.  The derivations are based on the logic in Gray (1996).  Central to Gray’s 
method is the regime probability.  The regime probability for the ith state at time t, 
denoted as 1it Prp −Ω== tt iS  is the ex-ante probability of that state at time t, 
conditioning on all the information available at time t-1. Using Bayesian arguments, I  
can express the regime probability as a simple non-linear recursive function of the 
transition probabilities and the conditional distribution.  First, denote itf  as the 
conditional distribution of tr∆ . By the assumption of normality, I  can express itf  
conditioned on available information and on the regime as: 




























                               (1) 
                                             where i = 1, 0 states 
itσ = standard deviation at time t, 
1−Ωt = information set at time t-1, 
                     itµ = conditional mean return in state i at time t. 
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Thus, the regime probability itp  can be expressed as a function of transition 





































pfQ                 (2) 
where Pr1 =tp  1−Ω= tt iS  
                                                
11t == tt Srff  
                                                
00t == tt Srff  
The parameter estimates can be obtained by numerically maximizing the log 










































































which can be constructed recursively using the expression for ht and t: 
 ])p-(1[p-))(p-(1)(p 20t1t1t1t0t20t1t1t21t1t µµµµ ++++= hhht                    (4) 
t  ])p-(1[p- 0t1t1t1t µµ +∆= tr                                                                             (5) 
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CHAPTER 4 
  RESULTS  
 
This chapter will report the main findings of this thesis.  The chapter is organized as 
follows. Section 4.1 presents the estimates of the regime-switching model.  I also 
present a time series plot of the smoothed probability of returns being in the high 
mean, low volatility state. Using a 50% probability cutoff point, as described in 
Chapter 3, I define the market into up states and down states. Moreover, I compare 
the market state identification results from the regime-switching model with those 
from CGH. Section 4.2 reports the momentum results, followed by long-run reversal 
results in Section 4.3.  Section 4.4 summarizes the chapter.   
 
4.1 Market Regimes 
Table 1 reports maximum likelihood estimates of the Markov switching model.  
Several observations can be noted. Firstly, the transition probabilities (P and Q) are 
very high (almost one). This indicates that the model is not arbitrarily fitting the data, 
and that the regimes do represent distinct periods with very different moment 
characteristics. This is further seen in the means and standard deviation of returns for 
each state. The mean return is positive in the up state, but negative in the down state.  
Thus, the two regimes do capture periods of largely positive and negative returns 
respectively. Volatility is higher in the down state, which is consistent with the 
findings of many other studies. The higher volatility in the down state could be due to 
poor economic states (e.g., the 1930s depression and the recession of the early 1980s). 
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It may also be due to the effect of increased leverage, causing firms debt to equity 
ratio to rise and hence the returns of their stock to become more volatile.    
 
Table 1 
Estimates of the Markov Switching Model 
 
This table reports maximum likelihood estimates of a two-
state Markov switching model in means and variances. 
sµ and sσ are the means and standard deviation of excess 
returns on the CRSP value weighted stock index for each 
state ( 0,1tS = ).  P and Q are the transition probabilities 
for the respective states.  The sample period is from 
January 1926 to December 1995. 
  
Parameter 
tS =1 (Up) tS =0 (Down) 
N (observations) 730 109 
tSµ  0.8637         -0.7886         
2
tSσ  
3.8511         11.3720         




Figure 1 shows a plot of the smoothed probability of the high-mean, low-variance 
regime. Most of the sample period is in this regime. Of the 839 observations in my 
sample, 730 observations are in the high mean regime.   
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I compute the correlation between the regime-switching market regimes (Srg) with 
the market states in CGH (Scgh).1 The correlation between the two variables is 0.56. 
Thus, there is some agreement between the market states classified by CGH and by 
our regime switching model.   
 
CGH identified 674 UP states and 124 DOWN states (total = 798 months, starting 
from 07/1929 to 12/1995) based on the prior-36-month-return criteria.  In contrast, 
the regime switching model identifies 730 UP states and 109 DOWN states (total = 
839 months, starting 02/1926 to 12/1995). To analyze the overlap of the two 
classifications, I include Table 2 to show the overlap and difference in the period 
                                                 
1
 Srg equals to 1 (0) if the month is following an UP (DOWN) market identified by the regime 
switching model based on prior six months’ smoothed probability. Scgh equals to 1 (0) if the month is 
following an UP (DOWN) market identified by the CGH’s prior three-year market return method. 
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from 01/1929 to 06/1995, altogether 798 observations. In general, the results show 
that the two methods do have substantial overlaps, especially in UP markets as 
identified by CGH.  
                                          
Table 2 
Market States Identified by the Two Methods 
             This table reports the market states identified by the regime-switching model as 
well as the method used in CGH based on prior-36-month-market-return (the 
Three-year-market-return Method) over the period from 01/1929 to 06/1995.  
 
 
                    
          
 
Figure 2 is a time plot of the market states identified by my model and by CGH. From 
Figure 2 we can clearly see that DOWN market states identified by both models 
generally captured major historic market crashes: the 1930s’ Great Depression (1929-
1935, 1938-1939), the 1940s’ World War II, and the mid 1970s’ OPEC Oil Crisis 
(1973-1975). Besides, the regime-switching model also identifies the 1987 stock 
market crash (1987-1988), which is not identified in CGH.  I will also examine 
whether the two methods of identifying the market states make a difference in testing 





N=798 Three-year-market-return Method 
 UP DOWN 
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                                                     Figure 2 
          Time-plot of the Market States Identified by the Two Models 
   In the upper half of the figure, the solid line stands for the market states, from 02/1926 to 
12/1995, identified as either DOWN or UP in the regime-switching model. In the lower 
half of the figure, the dotted line stands for the market states, from 01/1929 to 06/1995, 
identified as either UP or DOWN by the three-year method in CGH.  
 











                   
4.2 Momentum Results                                                                                                  
I present the results of the momentum 6-6 strategy in Table 3.1  Panel A (B) shows 
the average monthly returns in raw and risk-adjusted form following UP (DOWN) 
markets respectively. Risk-adjustment is by the Fama-French three-factor model.  
Panel C reports a test of equality of momentum profits following up and down 
markets. The test is based on a regression of the CARs on an up market dummy 
variable plus an intercept.  I report the t statistics for the coefficient for the up market 
dummy in Panel C. Previous studies, e.g. CGH, report only momentum (winner 
minus loser) profits. I think that it is more insightful to see where momentum is 
                                                 
1
 I also test a 6-12 momentum strategy and get qualitatively similar results.  These additional results 
are available on request. 
 DOWN 
 DOWN 
   UP 
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coming from.  Therefore, I show winner (W) and loser (L) profits separately as well 
as the profits from the momentum portfolio (W-L).                                                                            
Table 3 
Momentum Profits and Prior Market States 
At the beginning of each month t, all NYSE and AMEX stocks are sorted into deciles 
according to their lagged 6-months returns (from t-5 to t-1, skipping month t). Profits 
of the momentum winner and loser portfolios are cumulated across months t+1 to t+6. 
Reported below are the average raw monthly CARs (in %) and average monthly Fama-
French CARs (in %) for winner, loser portfolio as well as the winner minus loser 
portfolio over these holding periods from 1926 to 1995. Stocks with price under $1 at 
time t are excluded. The prior market state is defined over the 6-month ranking period 
using the smoothed probability of the Markov regime-switching model shown in Table 
1. Panel A (B) reports the average monthly raw CAR and average monthly Fama-
French CAR for winners, losers as well as the winner minus loser portfolio following 
their prior UP (DOWN) market states from a 6-6 strategy. Panel C reports the robust t-
statistics (Gallant (1987)) for the test of the equality of profits across UP and DOWN 
markets.  
 
Panel A: Average Monthly Profits Following UP Markets 
N=716 W L W-L 
Raw Monthly CAR 1.82 0.84 0.97 
(t-statistic) (7.71)** (3.27)** (8.41)** 
Fama-French CAR 0.94 -0.42 1.36 
(t-statistic) (12.27)** (-6.09)** (10.87)** 
 
Panel B: Average Monthly Profits Following DOWN Markets 
N=113 W L W-L 
Raw Monthly CAR 1.23 1.98 -0.74 
(t-statistic) (1.28) (1.48) (-1.28) 
Fama-French CAR 0.27 0.52 -0.25 
(t-statistic) (1.22) (1.84)* (-0.60) 
 
Panel C: Test for Equality (UP-DOWN=0) 
 W L W-L 
Raw Monthly CAR (0.59) (-0.84) (2.91) ** 
Fama-French CAR (2.88)** (-3.24)** (3.69)** 
 
    Note: The regression for Panel A and B is: 
tttKt DOWNUPCAR εββ ++=−+ 2112  where 
UPt=1, if the prior market state of the event month t is in a UP state; 0, otherwise, 
DOWNt=1, if the prior market state of the event month t is in a DOWN state, 0, 
otherwise.  K2 is the length of the holding period and is equal to 6 months. Thus, 
estimate of 1β  ( 2β ) is the estimated average monthly profits following UP (DOWN) 
markets respectively. The regression for Panel C is: 
ttKt UPCAR εββ ++=−+ 0112 where 
UPt=1, if the prior market state of the event month t is in a UP state; 0, otherwise.   ** 
(*) implies estimate is significant at 5% (10%).  
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As mentioned in the introduction, we would expect winner returns to be higher 
following up markets than down markets.  At the same time, we would also expect 
loser returns to be lower following down markets than up markets.  Table 3 only 
partially supports this hypothesis.  For the 6-6 strategy, past winners generate higher 
returns following up markets (1.82%) than down markets (1.23%), but past losers 
actually show higher returns following down markets. In particular, following up 
markets, loser return is 0.84% and following down markets, it is 1.98%. Combining 
winners and losers, I find that the average monthly momentum profit is 0.97% 
following up market and -0.74% following down markets. Thus, if we look only at 
momentum profits, the data seems consistent with the behavioral theories. However, 
once we analyze winners and losers separately, we see return patterns that are not 
fully consistent with behavioral models.  
 
To see whether my method of identifying market states and that of CGH make a 
difference in testing momentum profits following UP and DOWN states, I first group 
the market states which are identified as the same market state by the two methods. I 
label these as UP-UP (DOWN-DOWN) state if both methods identify the state as UP 
(DOWN). Table 4 presents the results based on this classification.  In terms of 
momentum profits, the results are consistent with Table 3 which uses the regime 
switching model.  In both cases, momentum returns are higher following prior UP 
states than prior DOWN states.   
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                                                         Table 4 
     Momentum Profits and Prior Market States (UP-UP & DOWN-DOWN) 
At the beginning of each month t, all NYSE and AMEX stocks are sorted into deciles 
according to their lagged 6-months returns (from t-5 to t-1, skipping month t). Profits of 
the momentum winner and loser portfolios are cumulated across months t+1 to t+6. 
Reported below are the average raw monthly CARs (in %) and average monthly Fama-
French CARs (in %) for winner, loser portfolio as well as the winner minus loser 
portfolio over these holding periods from 1926 to 1995. Stocks with price under $1 at 
time t are excluded. Here I use two methods to identify market states: regime switching 
method and the method used in CGH. I define the market state as UP-UP (DOWN-
DOWN) if both models predict the same market state. Panel A (B) reports the average 
monthly raw CAR and average monthly Fama-French CAR for winners, losers as well as 
the winner minus loser portfolio following their prior UP-UP (DOWN-DOWN) market 
states from a 6-6 strategy. Panel C reports the robust t-statistics (Gallant (1987)) for the 
test of the equality of profits across UP-UP and DOWN-DOWN markets.  
 
Panel A: Average Monthly Profits Following UP-UP Markets 
N=636 W L W-L 
Raw Monthly CAR 1.63 0.62 1.01 
(t-statistic) (6.66)** (2.33)** (8.72)** 
Fama-French CAR 0.92 -0.44 1.37 
(t-statistic) (11.84)** (-6.81)** (11.33)** 
 
Panel B: Average Monthly Profits Following DOWN Markets 
N=73 W L W-L 
Raw Monthly CAR 2.40 3.22 -0.82 
(t-statistic) (1.96)* (1.81)* (-0.98) 
Fama-French CAR 0.53 0.38 0.15 
(t-statistic) (2.01)** (0.98) (0.28) 
 
Panel C: Test for Equality (UP-DOWN=0) 
 W L W-L 
Raw Monthly CAR (-0.62) (-1.44) (2.17) ** 
Fama-French CAR (1.42) (-2.08)** (2.15)** 
 
Note: The regression for Panel A and B is: 
tttKt DOWNUPCAR εββ ++=−+ 2112  where UPt=1, 
if the prior market state of the event month t is in a UP-UP state; 0, otherwise, DOWNt=1, 
if the prior market state of the event month t is in a DOWN-DOWN state, 0, otherwise.  
K2 is the length of the holding period and is equal to 6 months. Thus, estimate of 1β  ( 2β ) 
is the estimated average monthly profits following UP-UP (DOWN-DOWN) markets 
respectively. The regression for Panel C is: 
ttKt UPCAR εββ ++=−+ 0112 where UPt=1, if the 
prior market state of the event month t is in a UP-UP state; 0, otherwise.   ** (*) implies 
estimate is significant at 5% (10%).  
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Next, I examine the market states identified differently by the two models (Table 5).  
Panel A shows momentum profits across states which are identified as UP by CGH 
but identified as DOWN by the regime switching model and Panel B shows the 
opposite i.e., states which are identified as DOWN in CGH and UP by the regime 
switching model.  If the CGH classification is robust to possible misclassification by 
the regime-switching model, then we should still see higher momentum profits 
following UP states and lower momentum following DOWN states, using CGH’s 
measure of market state.  The results show the opposite i.e., momentum profits are 
now lower following UP markets than DOWN markets.  On the other hand, if we 
follow the classification by the regime switching model, the results are that 
momentum profits are higher following UP markets than DOWN markets, which is 
consistent with the major findings from the whole sample. In sum, in market states 
which do not overlap, the regime switching model provide results which are more 
consistent with the predictions of behavioral theories than the CGH method. 
 
                                                     Table 5 
                 Momentum Profits and Differently Identified Market States   
           Panel A shows the 6-6 average monthly momentum profits (W-L) following UP markets 
in CGH (UPcgh), which are identified as DOWN markets in regime-switching model 
(DOWNrg).  Panel B shows the 6-6 average monthly momentum profits (W-L) following 
DOWN markets in CGH (DOWNcgh), which are identified as UP market in regime-
switching model (UPrg). Panel C reports the robust t-statistics (Gallant (1987)) for the 





Panel A: Average Monthly Profits Following 
UPcgh Markets, but DOWNrg markets 
N=38 W-L 
Raw Monthly CAR -0.61 
(t-statistic) (-0.98) 
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Fama-French CAR -1.02 
(t-statistic) (-2.11)** 
 
Panel B: Average Monthly Profits Following 
DOWNcgh Markets, but UPrg markets 
N=49 W-L 
Raw Monthly CAR 0.31 
(t-statistic) (0.66) 
Fama-French CAR 1.32 
(t-statistic) (1.94)* 
 
Panel C: Test for Equality (UP- DOWN = 0) 
 W-L 
Raw Monthly CAR (1.18) 
Fama-French CAR (2.76)** 
 
Previous studies such as CGH and my analysis above have examined the effects of 
prior (ranking period) market states on momentum profits. For completeness, I also 
examine the effects of contemporaneous market states on momentum profits. The 
contemporaneous period is the same as the holding period. Table 6 shows the 
momentum results for the contemporaneous states based on the results of the regime-
switching model.   
 
Table 6 
Momentum Profits in Contemporaneous Market States 
At the beginning of each month t, all NYSE and AMEX stocks are sorted into 
deciles according to their lagged 6-months returns (from t-5 to t-1, skipping 
month t). Profits of the momentum portfolios (winner minus loser deciles) are 
cumulated across months t+1 to t+6. Reported below are the average raw 
monthly CARs (in %) and average monthly Fama-French CARs (in %) for 
winner, loser portfolio as well as the winner minus loser portfolio over these 
holding periods from 1926 to 1995. Stocks with price under $1 at time t are 
excluded. The contemporaneous market state is defined as the ranking period 
using the smoothed probability of the Markov regime-switching model shown in 
Table 1. Panel A (B) reports the average monthly raw CAR and average monthly 
Fama-French CAR for winner, loser portfolio as well as the winner minus loser 
portfolio during their con UP (DOWN) market states from a 6-6 strategy. Panel C 
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reports the robust t-statistics (Gallant (1987)) for the test of the equality of profits 
across UP and DOWN markets.  
 
Panel A: Average Monthly Profits When Holding Period Is in UP 
Markets 
N=716 W L W-L 
Raw Monthly CAR 2.02 1.09 0.93 
(t-statistic) (9.43)** (4.56)** (7.98) ** 
Fama-French CAR 0.94 -0.43 1.4 
(t-statistic) (12.63)** (-6.31)** (11.32) ** 
 
Panel B: Average Monthly Profits When Holding Period Is in 
DOWN Markets 
N=113 W L W-L 
Raw Monthly CAR 
-0.06 0.39 -0.45 
(t-statistic) (-0.05) (0.27) (-0.75) 
Fama-French CAR 0.27 0.58 -0.30 
(t-statistic) (1.11) (2.07)** (-0.68) 
 
Panel C: Test for Equality (UP-DOWN=0) 
 W L W-L 
Raw Monthly CAR (1.91)* (0.47) (2.25)** 
Fama-French CAR (2.60)** (-3.51) (3.63) ** 
 
Note: The regression for Panel A and B is: 
tttKt DOWNUPCAR εββ ++=−+ 2112  where UPt=1, if 
the prior market state of the event month t is in a UP state; 0, otherwise, DOWNt=1, if the 
prior market state of the event month t is in a DOWN state, 0, otherwise.  K2 is the length of 
the holding period and is equal to 6 months. Thus, estimate of 1β  ( 2β ) is the estimated 
average monthly profits following UP (DOWN) markets respectively. The regression for 
Panel C is: 
ttKt UPCAR εββ ++=−+ 0112 where UPt=1, if the prior market state of the event 
month t is in a UP state; 0, otherwise.   ** (*) implies estimate is significant at 5% (10%).  
 
 
The table shows that when I condition momentum profits on contemporaneous 
market states, the overall pattern of returns for winners and losers is supportive of 
behavioral theories.  Firstly, as before, winner returns are higher during the up state 
(2.02%) than the down state (-0.06%).  Secondly, in contrast to conditioning on prior 
market states, I find that loser returns are also higher in up state than down state 
(1.09% in up state versus 0.39% in down state). Overall, momentum profits are 
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0.93% in up state and -0.45% in down states, which is very close to those obtained by 
conditioning on prior market states (recall the numbers are 0.97% and -0.74% 
respectively). This result is not that surprising given that regimes are persistent.  The 
correlation between the dummy variables for the prior and contemporaneous state is 
0.78.  Thus, high prior states are more likely to be followed by high current states and 
the same is true for low prior states. This autocorrelation in regimes lead to 
autocorrelation in winner and loser returns across time.  Because regimes are highly 
persistent, investors know with confidence that an up market during the ranking 
period is likely to be followed by further up markets.  According to Hong and Stein 
(1999), this expectation reduces investors’ risk aversion and decreases risk aversion 
that leads to greater delayed overreaction and hence greater momentum.     
  
Table 7 shows the results of regressing momentum profits on prior and 
contemporaneous market states to assess their relative importance.  The regressions 
are performed by generalized method of moments (GMM). The prior and 
contemporaneous market states each have a significant positive impact on momentum 
profits, as expected. To avoid multicollinearity problem, I do not regress momentum 
profits on both prior and current state. Instead, I report the results of regressing either 
prior or contemporaneous state plus an interaction term to assess the relative 
importance of these variables.   
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The results are sensitive to whether we use raw or risk-adjusted returns.  Column 4 of 
Panel A indicates that neither prior nor contemporaneous market states significantly 
explain raw returns.  However, column 4 of Panel B shows that conditional on prior 
market states, risk-adjusted returns of the momentum strategy are higher if the 
contemporaneous market state is an UP market. 
 
Table 7   
Regression of Momentum CARs on Prior and  
Contemporaneous Market States 
 
This table reports results of GMM regressions where the dependent variable is cumulative 
abnormal return of the 6-6 momentum (winner-minus-loser) portfolio and the independent 
variables are a constant C, dummy variable for prior market state (Dprior), dummy variable 
for contemporaneous market state (Dcon) and their interaction term.  The number of 
observations is 829. The dummy variables take a value of one if the respective market state is 
up and zero otherwise. Numbers in parenthesis refer to heteroscekdasticity-and-
autocorrelation consistent t statistics based on Gallant (1987).  
 
Momentum portfolios are formed as follows.  At the beginning of each month t, all NYSE 
and AMEX stocks are sorted into deciles according to their lagged 6-months returns (from t-5 
to t-1, skipping month t). Profits of the momentum portfolios (winner minus loser deciles) are 
cumulated across months t+1 to t+6. Stocks with price under $1 at time t are excluded. The 
prior market state is defined as the ranking period. The contemporaneous market state is 
defined as the holding period.  Market states are either up or down, and are defined by the 
smoothed probability of the Markov regime-switching model shown in Table 1.  
 
















-0.045 -0.027 -0.045 -0.027 
(-1.28) (-0.75) (-1.28) (-0.74) 
0.103 
 0.135  
(2.91)** 
 (2.49)**  
 0.083 
 0.027 
 (2.25)**  (0.53) 






  (-0.78) (1.57) 
Adj-R2 0.063 0.040 0.064 0.044 
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-0.015 -0.018 -0.015 -0.018 
(-0.60) (-0.68) (-0.60) (-0.68) 
0.097  0.032  
(3.69)**  (0.07)  
 0.101  0.051 
 (3.63)**  (1.54) 







  (1.09) (2.20)** 
Adj-R2 0.065 0.071 0.071 0.074 
 
4.3 Long-run reversal Results 
Another prediction of behavioral theories is that sooner or later, momentum will be 
reversed as investors realized that they have overreacted to the initial news, positive 
or negative.  This will give rise to long-run reversal profits, whereby it becomes 
profitable to long past losers and short past winners.  Behavioral theories also imply 
that reversals will be stronger if the prior market state is up than down.   
 
There is no theory to say exactly when momentum reverses.  I follow the literature 
and by defining the start of the long-run reversal period as one year from the ranking 
period and ending five years from the ranking period.  Table 8 reports the mean 
returns to winners, losers and the momentum portfolio over this 13-60 month period, 
conditional on the prior market state (i.e. the ranking period).    
 
                                                 Table 8 
Long-run reversals and Prior Market States 
At the beginning of each month t, all NYSE and AMEX stocks are sorted into 
deciles according to their lagged 6-months returns (from t-5 to t-1, skipping 
month t). Profits of the momentum winner and loser portfolios are cumulated 
across months t+13 to t+60. Reported below are the average raw monthly 
CARs (in %) and average monthly Fama-French CARs (in %) for winner, loser 
portfolio as well as the winner minus loser portfolio over the holding periods 
from 1926 to 1995. Stocks with price under $1 at time t are excluded. The prior 
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market state is defined by a Markov regime-switching model as shown in Table 
1. Panel A (B) reports the average monthly raw CAR and average monthly 
Fama-French CAR for winners, losers as well as the winner minus loser 
portfolio following their prior UP (DOWN) market states from a 6-60 strategy. 
Panel C reports the robust t-statistics Gallant (1987) for the test of the equality 
of profits across UP and DOWN markets.  
 
Panel A: Average Monthly Profits Following UP Markets 
N=662 W L W-L 
Raw Monthly CAR 1.13 1.44 -0.32 
(t-statistic) (6.51)** (7.71)** (-3.65)** 
Fama-French CAR 0.30 0.41 -0.12 
(t-statistic) (3.83)** (4.02)** (-1.69)* 
 
Panel B: Average Monthly Profits Following DOWN Markets 
N=113 W L W-L 
Raw Monthly CAR 2.13 3.40 -1.24 
(t-statistic) (6.41)** (6.32)** (-4.23)** 
Fama-French CAR 0.01 0.61 -0.60 
(t-statistic) (0.15) (2.73)** (-2.75)** 
 
Panel C: Test for Equality (UP-DOWN=0) 
 W L W-L 
Raw Monthly CAR (-2.73)** (-3.50)** (3.16)** 
Fama-French CAR (2.80)** (-0.94) (2.31)** 
 
Note: The regression for Panel A and B is: 
tttKt DOWNUPCAR εββ ++=−+ 2112  where UPt=1, if 
the prior market state of the event month t is in a UP state; 0, otherwise, DOWNt=1, if the 
prior market state of the event month t is in a DOWN state, 0, otherwise.  K2 is the length of 
the holding period and is equal to 60 months. Thus, estimate of 1β  ( 2β ) is the estimated 
average monthly profits following UP (DOWN) markets respectively. The regression for 
Panel C is: 
ttKt UPCAR εββ ++=−+ 0112 where UPt=1, if the prior market state of the event 
month t is in a UP state; 0, otherwise.   ** (*) implies estimate is significant at 5% (10%).  
 
 
Consistent with past studies, I find that long-run reversal profits follow both up and 
down markets. For example, the winner minus loser portfolio return is -0.32% 
following prior up market and -1.24% following prior down market. CGH also find 
quite similar results: they document a long-run reversal return of -0.36% following 
prior up markets and -0.67% following prior down markets.  However, when they 
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adjust for risk using the Fama-French three-factor model, the reversals are smaller 
and not significant. My results show otherwise. Even adjusting for risk using the 
three-factor model, I still find significant reversals. The difference in results could be 
because I condition on 6 months of returns prior to the start of the holding period, 
whereas CGH condition on a longer period (36 months) of returns prior to the start of 
the holding period. However, a robustness test conditioning on prior 36 months’ 
return using the regime-switching model still show results consistent with the above 
(Table 9).   Therefore, our results are robust to using 36 months as the measurement 
period for market states. 
                     
Table 9 
Long-run reversals and Prior Market States Conditioned on Prior 36 Months 
At the beginning of each month t, all NYSE and AMEX stocks are sorted into 
deciles according to their lagged 6-months returns (from t-5 to t-1, skipping 
month t). Profits of the momentum winner and loser portfolios are cumulated 
across months t+13 to t+60. Reported below are the average raw monthly 
CARs (in %) and average monthly Fama-French CARs (in %) for winner, loser 
portfolio as well as the winner minus loser portfolio over the holding periods 
from 1926 to 1995. Stocks with price under $1 at time t are excluded. The prior 
market state is defined by a Markov regime-switching model as shown in Table 
1 and it is based on the smoothed probabilities in prior 36 months. Panel A (B) 
reports the average monthly raw CAR and average monthly Fama-French CAR 
for winners, losers as well as the winner minus loser portfolio following their 
prior UP (DOWN) market states from a 6-60 strategy. Panel C reports the 
robust t-statistics Gallant (1987) for the test of the equality of profits across UP 
and DOWN markets.  
 
 
Panel A: Average Monthly Profits Following UP Markets 
N=662 W L W-L 
Raw Monthly CAR 1.36 1.74 -0.38 
(t-statistic) (7.72)** (7.83)** (-3.87)** 
Fama-French CAR 0.24 0.36 -0.12 
(t-statistic) (3.10)** (4.23)** (-1.81)* 
 
 




Panel B: Average Monthly Profits Following DOWN Markets 
N=113 W L W-L 
Raw Monthly CAR 0.66 1.64 -0.99 
(t-statistic) (1.32) (1.91)* (-2.23)** 
Fama-French CAR 0.39 1.05 -0.66 
(t-statistic) (2.14)** (2.45)** (-2.14)** 
 
 
Panel C: Test for Equality (UP-DOWN=0) 
 W L W-L 
Raw Monthly CAR (1.45) (0.11) (1.37) 
Fama-French CAR (-0.80) (-1.60) (1.73)* 
 
Note: The regression for Panel A and B is: 
tttKt DOWNUPCAR εββ ++=−+ 2112  where UPt=1, if 
the prior market state of the event month t is in a UP state; 0, otherwise, DOWNt=1, if the 
prior market state of the event month t is in a DOWN state, 0, otherwise.  K2 is the length of 
the holding period and is equal to 60 months. Thus, estimate of 1β  ( 2β ) is the estimated 
average monthly profits following UP (DOWN) markets respectively. The regression for 
Panel C is: 
ttKt UPCAR εββ ++=−+ 0112 where UPt=1, if the prior market state of the event 
month t is in a UP state; 0, otherwise.   ** (*) implies estimate is significant at 5% (10%).  
 
 
Overall, my results show that contrary to the claims of Fama and French (1996) that 
their three factor model can capture long run reversals, my results show that reversals 
still exist when momentum returns are conditioned on the state of the market prior to 
the holding period.  Thus, claims that reversals can be rationalized by the three factor 
models seem to be premature. 
 
Are the patterns of winners and losers consistent with behavioral theories in the long 
run? The DHS model implies that the “same-direction average stock price trend” due 
to the irrational biased self-attribution will reverse in the long run. Therefore, 
following the predictions of the winner’s behavior in the short run, we can infer that 
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the returns of winners should fall following the UP market in the long run. The results 
are consistent with this prediction. Following up market states, the profits of the 
winners fall from 1.82% (panel A, Table 3) to 1.13% (panel A, Table 8). For past 
losers following DOWN market, if there is a downward price trend in the short run as 
predicted by the DHS model, then the returns of losers should rise in the long run as 
investors correct the mispricing. The results show quite the opposite: profits of losers 
following DOWN markets actually show an increase from 1.98% (panel B, Table 3) 
to 3.40% (panel B, Table 8). This suggests that there may be other mechanisms in 
driving the return of losers over time. To visualize the many complex returns that I 
have documented, I refer the reader to Figures 3 and 4. These figures trace the 
behavior of winner and loser returns over the momentum and long-run reversal period.  
Results are also similar when I condition reversals on the post-ranking market state 
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            Figure 3 Average CAR Following Prior UP Market State 
   The average raw CAR of winner portfolio (W) and loser portfolio (L) at the end of event month 6, 
12 and 60 are plotted for the 6-month momentum strategy from 1926:01 to 1995:12 following UP 
market state. The market state is defined by the smoothed probability of the Markov regime-
switching model shown in Table 1. The definitions of ranking period and the two subperiods of 
the post-ranking period (Momentum Period and Reversal Period) are also shown in the graph.   
 
 
   Figure 4 Average CAR Following Prior DOWN Market State 
        The average raw CAR of winner portfolio (W) and loser portfolio (L) at the end of event 
month 6, 12 and 60 are plotted for the 6-month momentum strategy from 1926:01 to 1995:12 
following DOWN market state. The market state is defined by the smoothed probability of the 
Markov regime-switching model shown in Table 1. The definitions of ranking period (Prior) 
and the two subperiods of the post-ranking period (Mom and Rev) are also shown in the graph.   
            
 
 




Long-run Reversals and Post-Ranking Market States 
At the beginning of each month t, all NYSE and AMEX stocks are sorted into deciles according 
to their lagged 6-months returns (from t-5 to t-1, skipping month t). Profits of the momentum 
portfolios (winner minus loser deciles) are cumulated across months t+13 to t+60. Reported 
below are the average raw monthly CARs (in %) and average monthly Fama-French CARs (in 
%) for winner, loser portfolio as well as the winner minus loser portfolio over these holding 
periods from 1926 to 1995. Stocks with price under $1 at time t are excluded. The post ranking 
market state runs from month 1 to month 60 and is defined by the smoothed probability of the 
Markov regime-switching model shown in Table 1. Panel A (B) report the average monthly raw 
CAR and average monthly Fama-French CAR for winner, loser portfolio as well as the winner 
minus loser portfolio during their con UP (DOWN) market states from a 6-60 strategy. Panel C 
reports the robust t-statistics (Gallant (1987)) for the test of the equality of profits across UP and 
DOWN markets.  
 
Panel A: Average Monthly Profits When Holding Period Is in UP 
Markets 
N=675 W L W-L 
Raw Monthly CAR 1.30 1.65 -0.36 
(t-statistic) (7.88)** (8.05)** (-3.70)** 
Fama-French CAR 0.24 0.35 -0.11 
(t-statistic) (3.11)** (4.11)** (-1.71)* 
 
Panel B: Average Monthly Profits When Holding Period Is in 
DOWN Markets 
N=100 W L W-L 
Raw Monthly CAR 1.11 2.21 -1.10 
(t-statistic) (1.55) (1.98)** (-2.32)** 
Fama-French CAR 0.36 1.03 -0.67 
(t-statistic) (2.28)** (2.58)** (-2.23)** 
 
Panel C: Test for Equality (UP-DOWN=0) 
 W L W-L 
Raw Monthly CAR (0.26) (-0.50) (1.51) 
Fama-French CAR (-0.75) (-1.66)* (1.77)* 
 
Note: The regression for Panel A and B is: 
tttKt DOWNUPCAR εββ ++=−+ 2112  where UPt=1, if 
the prior market state of the event month t is in a UP state; 0, otherwise, DOWNt=1, if the 
prior market state of the event month t is in a DOWN state, 0, otherwise.  K2 is the length of 
the holding period and is equal to 60 months. Thus, estimate of 1β  ( 2β ) is the estimated 
average monthly profits following UP (DOWN) markets respectively. The regression for 
Panel C is: 
ttKt UPCAR εββ ++=−+ 0112 where UPt=1, if the prior market state of the event 
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Behavioral theories imply that prior market states affect long run reversals. More 
specifically, it is argued that if the market was in up state before the momentum 
portfolio was formed, then strong momentum should occur in the next 12 months, 
followed by strong reversals as investors realize and correct their mispricing errors.  
In CGH, “prior market state” was defined as the state of the market during the 
ranking period. They define this as 36 months before the momentum portfolio is 
formed. They then examined whether the state of the market during this early period 
affects reversals in the future, starting from one year after the momentum portfolio is 
invested. I assess the relative impact of prior market states on long run reversals 
slightly differently. My ranking period is 6 months prior to the formation of the 
momentum portfolio. But I also want to see if the market state after the ranking 
period affects long run reversals. To do so, I divide the post-ranking period, which 
runs from t to t+60 into two subperiods. The first subperiod is the 12-month period 
following the formation of the momentum portfolio (i.e. t to t+12). The second 
subperiod runs from t+13 to t+60 and is contemporaneous to the reversal period.  
Table 11 reports the results of regressing CARs during the reversal period on dummy 
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Table 11  
Regression of Long Run Reversal Returns on Ranking and  
Post-Ranking Market States 
 
This table reports results of regressing long run reversal returns against 
market states.  The dependent variable is the cumulative abnormal 
return (from month t+13 to month 60) of the winner-minus-loser 
portfolio formed at the beginning of month t based on past 6 months of 
returns.  Stocks with price under $1 at time t are excluded.   The 
independent variables are: a constant C, and three dummy variables.  
DPrior = 1 if the market was in the up state in the ranking period (t-5 to 
t-1) and zero otherwise.  DMom = 1 if the market was in the up state 
during the momentum holding period (t to t+12) and zero otherwise.  
DRev =1 if the market was in the up state during the reversal period 
(t+13 to t+60) and zero otherwise.  Market states are defined by the 
smoothed probability of the Markov regime-switching model shown in 
Table 1.  Regressions are run using GMM. T statistics for parameters 
are computed using the heteroscekdasticity-and-autocorrelation 
methodology of Gallant (1987). The number of observations is 710.  
 
 
Parameters Raw CAR FF CAR 
C -1.185 -0.686 
 (-29.60)** (-8.89)** 
DPrior 0.777 0.490 
 (1.71) (1.25) 
DRev 0.704 0.428 
 (8.94)** (4.78)** 
DMom 0.705 0.444 
 (5.42)** (4.55)** 
DPrior**DRev -0.476 -0.390 
 (-1.11) (-1.05) 
Dprior*DMom -0.611 -0.219 
 (-1.43) (-0.58) 
DRev*DMom -0.560 -0.205 
 (-4.09)** (-1.46) 
DPior*DRev*DMom 0.506 0.094 
 (1.29) (0.26) 
 
I see that CARs are positively related to both ranking and post-ranking period market 
states.  Hence, there are smaller reversals if the market was previously in the up state 
and larger reversals if the market was previously in the down state.  This is consistent 
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with the results in Tables 5 and 6. The regression includes both ranking and post-
ranking market states as explanatory variables for long run reversals.  Despite the fact 
that market states are persistent, the coefficients for ranking and post-ranking market 
state are positive and significant and so is the interaction terms between them.  An 
interesting point to note is that reversals are not related to the ranking period market 
state, despite the fact that this state has a strong impact on subsequent momentum as 
shown earlier.  However, reversals are related to what happens to the market during 
the momentum holding period and the period that is contemporaneous with the 
reversals.  In other words, reversals are highly affected by more recent market events.  
This result is different from that of CGH who argue that if behavioral theories are 
correct, strong markets during the ranking period induces investor overreactions 
during the momentum period that ultimately leads to strong reversals.  This sequence 
is not literally supported by the data.  If long run reversals are indeed caused by 
overreaction, then it seems that much of this happens during the momentum holding 
period. 
 
4.4 Chapter Summary 
This chapter reports the main results of my study for momentum and long-run 
reversal strategy and their relationship with market states. Unlike CGH, I define 
market states in a more natural way using a regime-switching model.  I use the 
Markov regime switching model to test the predictions of recent behavioral theories 
based on overconfidence and overreaction. To see the impact of prior market states on 
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relative return strategies, I report results for winners and losers separately as well as 
jointly. I summarize the results as follows. Firstly, the results of the winner-minus-
loser portfolio as a whole are, in general, consistent with those in CGH. In short, I 
find momentum profits are higher following UP market than DOWN market and that 
the UP-market momentum reverses in the long run. Secondly, by separately 
examining winners and losers, I find prior market states affect winner returns in a 
way that is quite consistent with behavioral theories. That is, winner returns are 
significantly higher following prior up market states than prior down market states in 
the short run and start to fall in the long run. This could be explained by the increased 
investor overconfidence on winners when the market is rising, thus leading investors 
to chase after prior winners. However, the results for loser portfolios do not appear to 
be consistent with behavioral theories in neither the short run nor the long run.  
 
The multiple regression results show that, contrary to CGH, the state of the market in 
the ranking period by itself does not play a significant role in explaining long run 
reversals. More important in explaining reversals is the state of the market in the post-
ranking period. This also raises doubts about the validity of overreaction theories that 
emphasizes the influence of prior market states in affecting subsequent momentum 
profits and long-run reversals.  
 
 
Chapter 5                                                                       Conclusion and Further Study                                                         
47 
CHAPTER 5 
 CONCLUSION AND FURTHER STUDY  
The momentum effect found by Jegadeesh and Titman (1993) is a major anomaly in 
finance. Momentum appears to be persistent over the years, and is universal.  It is also 
hard to explain momentum using asset pricing models such as the CAPM or the 
Fama-French three factor model. Studies also show that momentum profits do not 
correlate strongly with macroeconomic risks. DeBondt and Thaler (1985) document 
another anomaly: buying past losers and selling past winners achieve abnormal 
returns over a 3 to 5 year period.   
 
The general failure of risk-based models to explain momentum has led to research in 
behavioral finance which attempts to explain momentum using behavioral 
inconsistencies of investors. These theories attribute momentum and reversals to 
initial under-reaction as in HS (1999), followed by subsequent overreaction due to 
investor overconfidence as in DHS (1998). These theories suggest that following up 
markets, momentum should be stronger than following down markets since investors 
are likely to be more overconfident when the market is up. Similarly, they suggest 
that both momentum and reversals should be weaker following down markets. CGH 
(2004) test these predictions using data for all NYSE and AMEX stocks from 1926 to 
1995, and find partial support for the behavioral theories.  The evidence shows that 
reversals do follow momentum after up markets, but reversals also occur even though 
there is no momentum after down markets. 
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In this thesis, I expand on CGH in the following ways. Firstly, I use a more data 
consistent measure of market states in my analysis. To generate market states, I use 
smoothed probability estimates from a regime-switching model that appears to fit the 
data very well and more accurate than the method used in CGH.  
 
Secondly, I examine the impact of market states or regimes on winner and loser 
returns separately unlike CGH which reports only momentum profits.  My motivation 
is that separately studying the behavior of winners and losers provides a further 
opportunity to test behavioral finance predictions. 
 
Third, I study the effects of market states in the ranking period as well as post ranking 
period on momentum and reversal profits in contrast to CGH which only looks at the 
effects of the ranking period market states. Implicitly, they assume that there is a long 
time lag (due to initial underreaction) between the market state and investor 
behavioral response that leads to momentum and eventually reversals. By 
incorporating the post ranking market states as well, I am able to provide a clearer 
picture of just how long the time lag could be and hence indirectly suggest some 
evidence for the under-reaction theory. 
 
My results provide an even more mixed picture for behavioral finance than CGH.  
Consistent with behavioral theories, momentum and returns of past winners are strong 
after up markets, and furthermore, this is followed by significant reversals.   
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However, the results following down markets are puzzling. Firstly, both past winners 
and past losers show positive but insignificant returns in 1-12 month holding period. 
Thus, there is no momentum following down markets. This is supportive to 
behavioral theories. The puzzle is that even though there is no momentum in the short 
run, there is reversal in the long run. This is inconsistent with behavioral theories.  A 
closer analysis show that this reversal is not of the typical type where winners lose 
and losers gain. Instead, the reversal arises because losers gain much more than 
winners do in the long run. In fact, whether the market is up or down in the ranking 
period, losers both gain in the post ranking period. This indicates that at the very best, 
behavioral theories can explain winners but not losers.  
 
Finally, my results show that ranking period market states have no significant effects 
on long run reversals after controlling for post ranking market conditions.  This 
suggest that the overreaction that causes long run reversals take place mainly during 
the post ranking period rather than the ranking period as suggested by CGH.  This 
implies that economists who build behavioral theories of long run reversals should 
focus on more recent market sentiments rather than very early market states. 
  
A natural extension of this research is to fit a three-state regime switching model to 
the data and allow a medium market state.  Adding this state would enable us to see 
whether momentum or long-run reversal profits exist in the middle states. It would 
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also isolate more extreme UP states to provide a further glimpse into the profitability 
of relative return strategies in “hot” markets. Besides, another potential direction we 
can explore is to ask if we can apply the regime-switching model to the portfolio (or 
stock) mean returns. How would this predict momentum profits and long-run 
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